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Abstract 
Technologies that are intentionally designed to change a person’s attitude or behaviors are emergent. 
Designers of these technologies frequently use implementations of influence strategies to increase the 
effectiveness of their systems. In this paper we argue that there are large individual differences in 
users responses to implementations of influence strategies, and as such persuasive technologies would 
benefit from adapting to these differences. We detail how designers of persuasive technologies could 
use persuasion profiles to adapt to differences in individual susceptibility to different influence 
strategies. 
To evaluate the notion of persuasion profiles we build an adaptive persuasive system in an e-
commerce setting and test this system against a non-adaptive counterpart. We describe how — using 
Bayesian learning — designers can implement adaptive persuasive technologies. To our knowledge 
this is the first implementation and evaluation of a working persuasive system that utilizes dynamically 
created persuasion profiles to increase its effectiveness. We show increased revenues for the system 
that utilizes persuasion profiles. Finally, we discuss the limitations of the presented evaluation and 
give suggestions for future research efforts. 
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1 Introduction  
Persuasive technologies — technologies that are intentionally designed to change a person’s attitude 
or behavior (Fogg, 1999) — are emergent. Roughly a decade after the groundbreaking work of Fogg 
(2003), the field of persuasive technologies has taken a big flight and the literature is increasingly 
populated by records of persuasive applications (IJsselsteijn et al., 2006). Technologies have been 
designed which influence people to smoke less (Räisänen et al., 2008), assist people in losing weight 
(Maheshwari et al., 2008), or help people maintain a healthy workout regime (Lacroix et al., 2009). In 
recent years several persuasive applications have made their way out of the research labs and currently 
a broad range of persuasive applications is commercially available. 
Persuasive technologies employ a multitude of methods to attain their intended attitude or behavioral 
change goals. Social science findings such as the power of goal setting (Locke et al., 1981), the effects 
of framing (Fogg, 2003), and classical work on conditioning (Rescorla, 1988) are often used to 
enhance the effectiveness of persuasive systems. A prime example of implementations of these 
techniques can be found in an e-commerce setting: Designers of online stores employ similar 
principles and combine knowledge of design, technology, and social science to increase consumer 
satisfaction and, eventually, revenues.  
In this paper we present the implementation of a persuasive system which adapts its methods for 
attitude or behavioral change to responses of its individual users. To our knowledge this is the first 
implementation of a system that uses persuasion profiles, which were described in detail by Kaptein & 
Eckles (2010) during the 2010 persuasive technology conference. We first review the social science 
findings on influence strategies and explain how these findings lead to the idea of persuasion profiling. 
Next, we describe the implementation of a system that uses persuasion profiles in an online commerce 
setting and evaluate its performance. Finally we discuss the limitations of the current evaluation and 
give suggestions for further design and research efforts. 
1.1 Influence strategies 
The methods employed by designers of persuasive technologies to increase the effectiveness of their 
systems are often referred to as influence strategies. The array of influence strategies available for 
changing attitudes and behaviors can be overwhelming. Theorists have varied largely in how they 
individuate influence strategies: Cialdini (2001) develops six principles at length, Fogg (2003) 
describes 40 strategies, and others have listed over a 100 (Rhoads, 2007). While there is variation in 
their individuation, influence strategies are a useful level of analysis that helps to group and 
distinguish specific influence tactics. A large body of research focuses around the six principles of 
persuasion as identified by Cialdini (2001). These principles are:  
 
1. Reciprocity: People feel obligated to return a favor, thus when a persuasive request is made by a person the 
receiver is in debt to, the receiver is more inclined to adhere to the request R. Cialdini (2004).  
2. Scarcity: When something is scarce, people will value it more. Announcing that a product or service is scarce 
will favor the evaluation and increase the chance of purchase (West, 1975).  
3. Authority: When a request or statement is made by a legitimate authority, people are more inclined to comply 
or find the information credible (Milgram, 1974).  
4. Commitment and consistency: People do as they said they would. People try to be consistent with previous or 
reported behavior, resolving cognitive dissonance by changing their attitudes or behaviors to achieve 
consistency. If a persuasive request aligns with previous behavior people are more inclined to comply 
(R. Cialdini, 2001)  
5. Consensus: People do as other people do. When a persuasive request is made people are more inclined to 
comply when they are aware that others have complied as well R. Cialdini (2004); Ajzen & Fishbein (1980).  
6. Liking: We say “yes” to people we like. When a request is made by someone we like, we are more inclined to 
act accordingly (R. Cialdini, 2001).  
These influence principles (or strategies) are related to how a certain attitude or behavioral change 
request is made, and not necessarily tied to the goal of the actual request (Kaptein & Eckles, 2010). 
This enables us to distinguish the end of a request (e.g. a persuasive application urges you to work out 
more) from the means in which the request is made (e.g. by showing you how your friends are 
working out, or by giving you expert advice). This property — end-independence — makes influence 
strategies useful not just for typifying specific influence attempts, but more broadly to function as a 
level of analysis to describe and possibly predict the effects of different implementations of the same 
strategy at later points in time or in different contexts. 
1.2 Individual Differences in Responses to Influence Strategies 
While generally effective in increasing the chance of success of an attitude or behavioral change 
request, studies into the effect of influence strategies have not always painted a clear picture. Because 
of seemingly conflicting results, research efforts have been devoted to studying individual differences 
in responses to influence strategies.  
Several personality traits have been consistently linked to differences in processing persuasive 
messages: A person’s need for cognition is their degree of motivation to think (Cacioppo & Petty, 
1982; Petty & Wegener, 1999). An increase in need for cognition makes cognitive processing of 
messages more likely (Cacioppo et al., 1986). Hence, those individuals scoring high in need for 
cognition are less influenced by implementations of influence strategies than those scoring low. It has 
also been shown that refraining from usage of influence strategies for those low susceptible to these 
strategies increases compliance (Kaptein et al., 2010). 
Next to this individual difference in overall responses to influence strategies, research has shown 
systematic variation in responses to specific influence strategies: The preference for consistency scale 
predicts responses to the commitment strategy, such that for participants low on this scale these 
strategies are generally ineffective (Cialdini et al., 1995; Guadagno et al., 2001). Similar strategy 
specific individual differences have also been found for the consensus strategy (Kaptein et al., 2009).  
1.3 Persuasion Profiles 
Given the large individual differences in responses to influence strategies it seems worthwhile to 
create persuasive systems that adapt to their users’ susceptibility to individual strategies. Such systems 
could use a persuasion profile — a collection of expected effects of different influence strategies for a 
specific individual (Kaptein & Eckles, 2010) — to determine the way in which their advocacy is 
presented. Given strong indications of backfiring in cases of “wrong” influence strategy usage 
(Kaptein et al., 2010), systems that use persuasion profiles to tailor their influence attempts are 
expected to gain higher levels of compliance than systems that do not adapt to their users 
susceptibilities to different strategies. 
1.4 Outline 
In this paper we describe an implementation of persuasion profiles in an e-commerce setting. We 
describe how one can track, and adapt to, the effectiveness of multiple implementations of influence 
strategies for specific users. We compare the performance of an e-commerce site prior to the 
implementation of persuasion profiles to the period in which the site incorporated persuasion profiles. 
After showing an increase on several performance indicators we discuss the limitation of this method 
of evaluation and provide pointers for future work. 
2 Implementing Persuasion Profiles 
Any product offered on an e-commerce site can be displayed differently to different users, and thus 
can be accompanied by one or more implementations of influence strategies. While a product can be 
both “a special offer” and an “all times bestseller” the work on individual differences in responses to 
influence strategies dictates that presenting a product with both of these strategies is not optimal for all 
users . Some users will be more inclined to buy the product when presented only with the scarcity 
strategy (special offer), while others will be more swayed only by the consensus strategy (bestseller). 
Finally, for those high in the need for cognition, not presenting any these types influence strategies 
would increase conversion. 
2.1 Implementations of Influence Strategies 
In the e-commerce domain one can currently find a multitude of examples of implementations of 
different influence strategies. Implementations of each of the six influence strategies identified by 
Cialdini (2001) are already in use:  
 
1. Reciprocity: Online stores hand out a small gift to potential consumers before presenting their products  
2. Scarcity: Online stores promote special discounts or limited time offers.  
3. Authority: Online stores use expert endorsements or (positive) critics reviews to promote products.  
4. Commitment and consistency: Online stores try to make consumers more committed by acknowledging 
product preference — e.g. add to “Wish list”.  
5. Consensus: Online stores often show how many people already bought a specific product.  
6. Liking: Trough social media online stores use friend recommendations to increase conversion.  
With obvious constraints imposed by honesty and reality, these implementations can be implemented 
for each product on an e-commerce site interchangeably. Using these influence strategies is thus 
distinct from (e.g.) recommender systems which adapt the end proposition (the offered product) 
instead of the means: the way in which the advocacy is presented. 
2.2 Technological Implementation 
To create a system that implements persuasion profiles — a systems that adapts its usage of influence 
strategies based user’s responses to specific influence strategies — we believe there are three 
prerequisites that need to be met: First, one should be able to manipulate content presentation such 
that multiple influence strategies can be implemented. Second, one needs to be able to identify 
individual consumers. Third, it needs to be possible to measure the outcome of the persuasive attempt 
and update subsequent product presentations accordingly. 
To enable this functionality we created a visitor tracker which assigns a unique id to each new visitor 
to an online e-commerce site and stores this as a cookie on the user’s machine1. Next, the tracker 
retrieves the preferred influence strategy from a database – which contains the users persuasion profile 
                                              
1 This method of identifying individuals is not 100% accurate. However, it’s the best we can currently do without requiring 
any user action. 
— and adapts the site accordingly. Finally, the tracker measures whether a target is clicked and then 
stores the outcome of the influence attempt. When a user views multiple products the implementations 
of influence strategies that are presented are changed dynamically between views to optimize the 
user’s response. 
2.3 Adaptivity Algorithms 
To adapt the chosen influence strategy to user’s responses to the influence strategy we used a simple 
Bayesian approach. The probability of a single user clicking the target can be represented as a 
binomial random variable, B(n,p), where n denotes the number of product views accompanied by that 
particular influence strategy and p denotes the probability of success. Given M different influence 
strategies one can compute for each individual, for each strategy, probability pmi=kmi/nmi, where kmi is 
the number of observed successes after representation of strategy m, nmi times to a user i. It makes 
intuitive sense to present a user with the strategy with the highest probability of success, thus the 
message where pmi is highest. 
If we have a large number of observations, N, for one user, this would make perfect sense. However, 
this decision rule will not inform a decision for a newly observed user. For a new user of the e-
commerce store one would likely present the message m for which pm is maximized over previously 
observed users2. Actually — given Stein’s result (Stein, 1955; Efron & Morris, 1975) — for every user 
a weighted average of the pmi for the individual user and those of other users — one where the 
estimated pmi for an individual is “shrunk” toward the population mean — will provide a better 
estimate than an estimate based on observations of a single user alone. E.g., if the authority strategy is 
effective 20% of the time over all users and only 10% of the time for the specific user under 
consideration, the best estimate of the (real) effectiveness of the authority message pA1 for this user is 
a weighted average of these two.  
A common way of modeling such a binomial random process is to use the Beta-Binomial model 
(Wilcox, 1981). The Beta, Beta(α,β), distribution functions as a conjugate prior to the binomial and 
thus allows for dynamic updates of the estimates of strategy effectiveness which are easily analytically 
traceable. If we re-parameterize the beta distribution as follows: 





= and M = α + β, then the expected value of the distribution is given by: 
( ) mME μμθ =,| . In our system μm represents the expected probability of a successful influence 
attempt by a specific strateg. After specifying the probability of success μm of strategy m and the 
certainty surrounding this estimate, 2mσ , we can use this as our prior expectancy about the 
effectiveness of a specific message and update this expectancy by multiplying it by the likelihood of 
the observations, k, to obtain the distribution of our posterior expectation:  










The newly obtained Beta distribution, B(μ,M), functions as our probability distribution with a new 
point-estimate of the effectiveness of the presented message given by:  
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We maintain both a population wide (between-user) estimate of the effectiveness of different 
strategies based on all available observations and an individual level estimate based only on a specific 
user’s response. After a users session the individual level estimate pmi for a specific strategy m is 








where σm denotes the variance over users and σi denotes the variance within a user. The process 
described here enables estimation of strategy effectiveness of each influence strategy for each user.  
3 Evaluation 
After implementing the system which enables estimation of the strategy effectiveness and dynamic 
adaptation of the presentation of different products we set out to evaluate our use of persuasion 
profiles. In this section we describe how the test was setup and detail our initial results after just over 
four weeks of testing.  
To evaluate our adaptive persuasive system it was implemented on the affiliate online store kinder-
kleertjes.com (children’s-clothing in Dutch). Store performance prior to, and post implementation of, 
the adaptive persuasive system on a number of performance indicators is compared3. 
3.1 Method 
Kinder-kleertjes.com offers a selection of over 1.200 products. Products are offered by two affiliate 
programs and the website aims at attracting traffic through search engines and establishing click-
through to the two final vendors. The site has been running from the beginning  of July 2010. The 
website is rather limited in size, attracting 387.5 visitors a month on average during an almost 6 month 
period (till the 22nd November 2010). Our evaluation of the adaptive persuasive system consists of a 
comparison of several indicators of site performance from early July 2010 till the 21st of October 2010 
when the system was not in place (baseline period), with the subsequent month when the adaptive 
persuasive system was implemented. 
The homepage of the online store presents a random collection of 40 of the offered products together 
with pictures and a single sentence description. Once a visitor clicks on one of the products (or enters 
the site using a search term directly pointing at a product page) a product is displayed which shows a 
large image and a textual description of the product. The persuasive strategies are implemented on this 
page.  
We choose to examine only a limited number of strategies and only implemented two strategies: 
Scarcity and Consensus. For the scarcity implementation an image that said “Special offer” and the 
text “This clothing item is available today at a special discount rate” was displayed. For the 
Consensus strategy an image that stated “Bestseller” and the message “This is one of our bestselling 
clothing items. This product is popular with many” were added. By keeping the original “no strategy” 
                                              
3 This store is a minor player in the Dutch affiliate market. We are currently looking for partners to perform large scale tests 
of our system. 
product representation as used from early July till the 21st of October we ended up with three product 
display versions that could be used for every product on the site.  
To start the adaptive persuasive system an initial estimate was made of the conversion effectiveness 
for each of the product presentations (e.g. the probability that a single user clicked either the “Buy 
now” button or the image and was redirected to the vendor’s site). The estimate of the effectiveness of 
the No Strategy version was manually set to 20% (pm = 0.2), that of the Scarcity strategy to 30% and 
that of the Consensus strategy to 24%. By setting the variances of these estimates high (at 0.1) these 
initial estimates are variable to new data. Practically, this implementation ensures that the first user 
after deployment of the adaptive persuasive system on the 21st of October did not receive the No 
Strategy product presentation but rather received the Scarcity version. Based on the behavior of this 
first user — either clicking or not clicking on the product — a new estimate of the effectiveness of the 
scarcity strategy was made both for this user as well as for subsequent users. 
 
 
Figure 1. Overview of the product presentation page on kinder-kleertjes.com. The non-shaded 
area indicates the location of the implementations of the influence strategies 
Consensus or Scarcity (as described in the text). 
3.2 Measures 
To evaluate the adaptive persuasive we examine a number of performance indicators. First of all we 
examine how the effectiveness estimates of the different influence strategies change over time. This is 
be done both at a between-user level and at a within-user level. Next, we compare the period in which 
the system was implemented with the period in which only the No Strategy product representation was 
used. We compare click through rates and revenues per unique visitor over the two periods. 
3.3 Results 
In the baseline period from the 8th of July till the 21st of October 1339 unique visitors visited kinder-
kleertjes.com. Due to organic visitors and advertisements via Google Adwords, 831 unique visitors 
visited the site during the employment of the adaptive persuasive system.  
3.3.1 Strategy Effectiveness Estimates.  
Figure 2 shows the progression of the estimated (between-user) effectiveness of the three product 
presentations over time. It is clear that initially the estimates are variable and they are haphazardly 
updated based on new observations. However, after a few days the estimates stabilize and the certainty 
increases. Both product representations that implement a persuasive strategy significantly outperform 
the No Strategy implementation within 2 weeks after deployment.  
 
Figure 2. Progression of between-user (overall average) effectiveness estimates of the three 
strategies and indications of the certainty of the estimates. The blue line represents the 
effectiveness estimates over time of the ‘Neutral’ presentation. The green and pink line 
are the estimates for the Consensus and Scarcity implementations respectively. 
While Figure 2 indicates that using persuasive strategies can aid the performance of the affiliate store 
by increasing click through rates, this graph alone does not show that different strategies should be 
presented to different users. To examine whether adaptivity is actually necessary (e.g. for some users 
the Consensus strategy — which is most effective overall — is not the preferred strategy) Figure 3 
presents the individual level estimates of three randomly selected users who viewed at least 8 products 
on the website. 
Figure 3 shows that for the users in the middle panel the most effective strategy is not the Consensus 
strategy but rather the Scarcity strategy. Hence, when adapting to users only on a between-user level 
— thus displaying the Consensus strategy to every user — one would obtain suboptimal results for 























Figure 3. Estimated effectiveness of the different product presentations for three randomly 
selected users. The top panel indicates that this user was first presented with the 
scarcity implementation which did not lead to conversion. Next, the consensus 
implementation was shown which was also unsuccessful. Eventually however the 
consensus strategy was effective twice and was estimated most effective for this user. 
3.3.2 Performance 
Next to examining the predicted strategy effectiveness we examine how the online store performs 
before and after usage of persuasion profiles. The first performance indicator is the proportion of 
clicks on viewed products per user. In the baseline period 14.4% of the users of the site eventually 
clicked on one of the products and was taken to the vendor’s homepage. In the adaptive persuasion 
period this number was higher: 18.3%, showing increase in click through in the adaptive persuasion 
period. This increase in click through rates is statistically significant (χ2=5.766, p=0.016).  
The average revenue generated per unique visitor in the baseline period was 0.037 Euro’s. In the the 
adaptive persuasion period this figure increased to 0.046 Euro’s per visitor. The average revenue per 
visitor is thus higher in the persuasive system period than in the baseline period, however — due to  
large variation — this difference is not statistically significant (p>0.05). 
To further inspect the comparison between the baseline period and the adaptive persuasive system 
implementation period, Figure 4 shows an overview of the average proportion of clicks per visitor for 
each day from the start of the measurement period. The figure shows that the daily proportion of users 
who navigate to the vendor’s page fluctuates heavily. However, a increase in clicks is visible since the 
start of the adaptive persuasive system period, a difference indicated by the difference between the 
solid and dotted horizontal lines which indicate the mean performance of each period. The vertical 
dotted line presents the separation between the baseline and the adaptive system periods. 






























Figure 4. Proportion of clicks per visitor since measurement start. The dashed horizontal line is 
the mean conversion rate prior to deployment of the adaptive system; the solid 
horizontal line is the mean conversion rate after deployment. The gray line is the daily 
conversion rate, and the vertical gray dotted line shows the cut-off between baseline 
and deployment. 
4 Discussion 
In this paper we detailed the first implementation — as far as we know — of an adaptive persuasive 
system that uses persuasion profiles to adapt to individual differences in peoples responses to 
influence strategies. We tried to introduce the concept of influence strategies and we provided support 
for the argument of large individual differences in responses to these strategies. Next, we described an 
implementation of a system that uses these individual differences to adapt product presentations. We 
presented an initial evaluation of this system by (a) inspecting the adaptive process over time and (b) 
comparing the performance of the adaptive persuasive system with the “baseline” period in which the 
system was not yet in use on the affiliate online store used for the evaluation. Results show that 
influence strategy usage increases conversion and that there are indeed individual differences in 
responses to implementations of influence strategies. The adaptive persuasive system increased overall 
site performance on two key-performance indicators. 
In our evaluation we managed to demonstrate the benefits of the use of persuasion profiles based on 
two simple implementations of influence strategies in a real e-commerce setting. A significant increase 
in click-through was obtained, and a direct increase in revenue resulted. These results however should 
be interpreted with caution: As Figure 4 shows there is large variability in click-through rates, and 
there is also a large variability in per visitor revenue over multiple days. Hence, while we believe that 
the identified trend of increased conversion by the use of persuasion profiles will hold, actual effect-
size estimates should be based on larger scale evaluations. It would be feasible to evaluate the adaptive 
persuasive system over a longer period of time on a website that attracts more visitors.  
With the current evaluation — comparing an implementation period with a prior established baseline 
period — a number of questions remains unanswered. First of all, changes in time or season (e.g. 
people buy more in autumn than in summer) most probably influence the results. An evaluation in 
which half of new visitors is assigned to the original version of the online store, and half to the 
adaptive persuasive version — and where thus time is the same for both experimental groups — would 
prevent this confound. Please note that we have only reported relative indicators (e.g. estimates per 
visitor) to minimize effects originating from an overall increase in visitor rates during the 
implementation period. However, it is still the case that during November individual consumers could 
be more inclined to buy products they browse online than during previous months. 
Second, since the current comparison is between the original version of the e-commerce site, without 
any implementation of influence strategies, and a full adaptive system it is unclear exactly which 
difference between the two systems increases conversion rates. It is worthwhile to setup an evaluation 
which would also compare (e.g.) usage of the “best” (between-user) influence strategy with the 
adaptive system, or usage of a randomly selected influence strategy versus the adaptive system. With 
these evaluations it is possible to reliably rule out mere effects of (a) influence strategy optimization at 
an average (between-user) level and effects of changing product representations within a session.  
The system design as detailed in this paper presents a rudimentary approach of an adaptive persuasive 
system. Not only does the system implement only two of the six influence strategies, it also uses only 
one specific implementation of these strategies which is identical for each product presentation. 
Systems that employ a broader range of strategies and subsequent implementations probably support a 
larger visitor base. Besides this limitation the adaptive algorithms presented here are basic. While the 
individual beta-binomial models, in combination with shrinkage towards overall means after a 
shopping session has ended, provide a convenient and easy to compute starting point there are several 
feasible properties lacking in this algorithm. First of all, the algorithm does not specifically model 
relationships between different strategies (e.g. visitors that are more swayed by consensus arguments 
are also more inclined to respond to implementation of the liking strategy). Second, the presented 
model is not flexible enough to allow for additional predictors to explain the effectiveness of different 
influence strategies. The latter would be necessary to utilize (e.g.) demographic information users. In 
future work we hope to implement multilevel logistic regression models to predict clicking behavior 
so we can both include a flexible covariance matrix of strategy x subject effects, and we can easily 
integrate background characteristics that are known about the user based on previous purchases.  
4.1 General Conclusions 
In this paper we detailed the implementation of an adaptive persuasive system that used persuasion 
profiles to adapt product presentations on an e-commerce site to the responses of its users. The 
resulting profile gives, for each visitor, an estimate of their “persuadability” to different influence 
strategies. Comparison of the performance of an e-commerce site which uses persuasion profiles with 
one without such profiles shows increased conversion. While this might be commercially attractive, 
and while the e-commerce setting provides a great environment for testing adaptive persuasive 
systems, we feel designers should be cautious: A visitor’s persuasion profile represents private data 
similar to a personality profile and should thus be handled with care. Regulation and proper ethical 
consideration of possible sharing and re-use of persuasion profiles are feasible. 
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